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The Potential Biological Removal (PBR) management strategy is used for the assessment, relative to management objectives, of human-
caused mortality of marine mammal stocks. PBR has been used to provide scientific advice on limits on human-caused mortality of marine
mammals as well as other long-lived marine vertebrates worldwide. Current values for the parameters of this reference limit were obtained
using a Management Strategy Evaluation (MSE) approach, where computer simulation is used to model a range of scenarios representing dif-
ferent scientific uncertainties. An assumption underlying the current management strategy, as originally evaluated, is that only the single
most recent estimate of abundance is used to calculate PBR. We extend the original MSE and introduce a tiered hierarchy of data availability,
from data-rich to data-poor. Alternative approaches for deriving values used to calculate PBR in each tier (e.g. incorporating multiple abun-
dance estimates for data-rich stocks) are evaluated relative to the management objectives of the United States Marine Mammal Protection
Act. A PBR tier system would allow the best available information to be used for each stock, recognizing the different types and levels of un-
certainty that exist among stocks. It is shown that if the sex ratio of human caused mortality is not one, PBR may not perform as expected.
Likewise, an alternative value for the NMIN percentile could be adopted when survey estimates are imprecise and multiple abundance esti-
mates are available. The standard approach, using only a single abundance estimate, is less flexible in this regard. Additionally, incorporating
multiple abundance estimates for data-rich stocks can lead to increased stability of calculated values for PBR through time. Reduction in vari-
ability could reduce regulatory uncertainty that may be associated with some human activities managed according to PBR. Therefore, includ-
ing multiple abundance estimates, when possible, into the calculation of PBR may prove desirable.
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Introduction
Marine mammals are typically highly mobile and range over large

areas. This can lead to estimates of abundance that are imprecise

or incomplete, limiting the ability to detect trends and assess

population characteristics relative to management reference

points. The 1994 amendments to the US Marine Mammal

Protection Act (MMPA, originally enacted in 1972) contain pro-

visions intended to limit annual levels of human-caused mortality

and serious injury experienced by stocks of marine mammals

(note that hereafter human-caused “mortality” is understood to

encompass both outright deaths and serious injuries). Although

assessment reports for some US marine mammal stocks include

information on and estimates of human-caused mortality from

sources other than commercial fisheries (e.g. ship strikes, subsist-

ence harvest), most of the information and estimates pertain to

mortality in fisheries, which is the only sector for which PBR is

applied in management.

Specifically, as part of the stock assessment framework, the

MMPA prescribes that a “Potential Biological Removal” (PBR)

limit to human-caused mortality be set for each stock. Further,
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the MMPA mandates that this limit be calculated using a harvest

control rule (or in this context a removal control rule) that is the

product of three values: (i) a minimum estimate of abundance

that “provides reasonable assurance that the stock size is equal to

or greater than the estimate”; (ii) one-half of the maximum in-

trinsic rate of population growth; and (iii) a recovery factor be-

tween 0.1 and 1.0. PBR can therefore be written as the equation:

PBR ¼ NMIN0:50RMAXFR (1)

One of the primary management objectives of the MMPA is to

allow stocks of marine mammals to be maintained at or above

their “optimum sustainable population” (OSP) level (MMPA,

1972). OSP is defined by the US National Marine Fisheries

Service (NMFS) as a level between the maximum net productivity

level (MNPL) of the population and its carrying capacity (Wade,

1998; Taylor et al., 2000). MNPL is the population level relative

to carrying capacity that corresponds to the maximum net rate of

population growth. MNPL is thought to occur between 50 and

85% of carrying capacity for marine mammals (e.g. Taylor and

DeMaster, 1993).

The PBR approach to managing human-caused mortality has

been shown through performance testing to be fit for its designed

purpose. Alternative approaches for setting limits to human-

caused mortality have been debated (e.g. IWC, 2003, 2005;

Lonergan, 2011; Cooke et al., 2012), and the PBR management

scheme has limitations when stock-level abundance data are lack-

ing (e.g. Robards et al., 2009). Nevertheless, PBR is well estab-

lished within the U.S. regulatory context where it has been

applied for more than 20 years. Additionally, the basic principles

of PBR have been used to provide scientific advice on limits of

human-caused mortality of marine mammals as well as other

long-lived marine vertebrates in other countries. For example,

reference limits based on PBR have been considered for seals in

Canada (e.g. Hammill and Stenson, 2007; Stenson et al., 2012)

and the United Kingdom (Butler et al., 2008); pilot whales

(Globicephala macrorhynchus) in Japan (Kanaji et al., 2011); du-

gongs (Dugong dugon) in Torres Strait, between Australia and

Papua New Guinea (Marsh et al., 2004); and sea-birds

(Dillingham and Fletcher, 2011), sea-lions (Phocarctos hookeri;

Maunder et al., 2000), and dolphins (Cephalorhynchus hectori) in

New Zealand (Slooten and Dawson, 2008; Slooten, 2013). A gen-

eralization of the PBR framework has also been developed to esti-

mate the combined direct and indirect effects of fishing on

cetaceans in US waters (Moore, 2013). Among the features that

make PBR appealing to managers is that it is easily understood,

inherently precautionary, and simple to apply.

The amount of data (number, frequency, and precision of esti-

mates of abundance) differs among marine mammal populations,

making some species or populations “data-rich” while others can

be considered “data-poor”. However, the PBR formula as eval-

uated by Wade (1998) makes use of only the most recent estimate

of abundance, irrespective of its precision or the number of esti-

mates available. Stocks with different amounts of data are com-

mon in fisheries. One solution to this problem, apart from

collecting more data for the data-poor stocks, which is often im-

practical or infeasible, is to develop tier systems of harvest control

rules. Such tier systems assign species or populations to different

tiers based on the availability and quality of data or on the quality

of the assessments that use the data (Dichmont et al., in press).

No formal tier system currently exists for marine mammal

stocks in the United States. However, for stocks with multiple

abundance estimates (e.g. the California/Oregon/Washington

stocks of Dall’s porpoise and Pacific white-sided dolphins;

Carretta et al., 2015), the US NMFS has provided guidelines for

calculating NMIN as an arithmetic average, within an eight-year

window, weighted by the precision of each estimate (NMFS,

2005). Wade and DeMaster (1999) demonstrated that averaging

abundance (and mortality) estimates using this method can lead

to a lower rate of classifying human-caused mortality as greater

than PBR when it is not (i.e. averaging can lower the rate of false

positives—the rate of classifying situations as in need of manage-

ment measures when such measures are not actually warranted).

That analysis did not quantitatively explore how combining mul-

tiple estimates of abundance might affect the value used to calcu-

late NMIN.

Ultimately, a tier system approach would enable better use of

all available data. We therefore investigate one alternative tier sys-

tem that could help move toward this goal following an MSE ap-

proach. Various aspects of the PBR calculation could be

considered for a tier system. We focus on the availability of abun-

dance estimates and the calculation of NMIN as a case study for

how a tier system might be implemented. This article provides a

comparison between the standard PBR approach (single estimate

of abundance) and two alternative approaches for combining

multiple abundance estimates, depending on data availability

(e.g. survey frequency). As the amount of information available

to calculate NMIN increases, it might be expected that the preci-

sion of the minimum abundance estimate would increase as well.

Additionally, we provide an evaluation of alternative approaches

across multiple performance metrics, e.g. meeting the OSP man-

agement objective of the MMPA while simultaneously reducing

temporal variability in PBR. This could make the overall manage-

ment process more stable without compromising its conservation

effectiveness.

Brief history of development and testing of PBR
decision rules
Although the MMPA stipulates that PBR must be calculated as

the product of three terms, it does not provide explicit values for

those terms. Rules for setting the values have been established

largely based on the results of a management strategy evaluation

(MSE) conducted by Wade (1998), who expanded on a previous

simulation study (Taylor, 1993). MSE is the use of simulation

modelling to evaluate the performance of candidate management

strategies, where a management strategy relates to specifications

for the data to be collected and how those data are used in a feed-

back loop involving management actions (in the case of US mar-

ine mammal stocks, the PBR). MSE has been used extensively to

evaluate the ability of potential management strategies related to

commercial and aboriginal subsistence whaling to satisfy the

management objectives of the International Whaling

Commission (IWC) (Punt and Donovan, 2007). MSE involves

several steps: (i) developing a model of the system, which repre-

sents the “truth” for the purposes of simulation (the “operating

model”); (ii) specifying the range of uncertainties to be con-

sidered and thereby which “trials” will be undertaken; (iii) defin-

ing performance metrics that quantify the management

objectives; (iv) selecting the candidate management strategies; (v)

conducting projections of each management strategy for each
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operating model; and (vi) providing the results to decision mak-

ers (Punt et al., in press). The trials conducted by Wade (1998)

and here capture uncertainties about the “true” state of nature

(e.g. uncertainties in the actual underlying abundance or human-

caused mortality levels).

In common with many MSEs, Wade (1998) defined a set of

“base case” trials, along with a set of robustness trials. Wade’s

(1998) base-case trials involved estimates of abundance that were

unbiased, albeit with two different levels of precision, to find the

percentile of the sampling distribution for the most recent abun-

dance estimate (i.e. NMIN) that results in meeting the OSP man-

agement objective of the MMPA when FR is set equal to 1, i.e.

after 100 years, 95% of the simulations lead to population sizes

greater than MNPL (Figure 1). The assumptions of the “base

case” trials include: RMAX is 0.04 for cetaceans and 0.12 for pinni-

peds; MNPL is 50% of carrying capacity (K); and the initial

population size is 30% of K. Under those scenarios, the value of

NMIN is the lower 20th percentile of the sampling distribution for

the most recent abundance estimate (Wade, 1998).

Wade (1998) then set NMIN to the lower 20th percentile of the

most recent abundance estimate and found the value of FR that

results in at least 95% of the simulations meeting the OSP object-

ive for the remaining trials (Figure 1). The results of Wade’s

simulation testing form the basis for the parameter values cur-

rently used by the US NMFS to calculate PBR for stocks of marine

mammals (NMFS, 2005).

Methods
The model for the underlying population dynamics and data

generation for the simulations (i.e. the operating model) is

provided in Appendix A (The Fortran code for the operating

model and calculating PBR for the data tiers is free, open-

source, and available from: https://github.com/John-Brandon/

PBR-Tier-System. R code to analyse and visualize output is

available in the same repository.). The operating model of the

Appendix differs from that of previous simulation studies of

PBR (Taylor, 1993; Wade, 1998; Wade and DeMaster, 1999),

which were based on an age-aggregated population dynamics

model. An age-structured model allows the performance of

PBR to be evaluated over a wider range of uncertainties (e.g.

different patterns of vulnerability to human-caused mortality

across sexes and ages).

Parameterization and trials
Values for life history parameters were assumed to be: adult sur-

vival (Sadult) ¼ 0.95; maximum birth rate (bmax) ¼ 0.5; age at

transition to adult survival (aT) ¼ age at first partuition (ap) ¼
the age from which life history parameters remain constant (age

x) ¼ 11 years (Appendix A). These values were chosen to ap-

proximate the life-history pattern of humpback whales Megaptera

novaeangliae (e.g. Zerbini et al., 2010). In order to make the re-

sults comparable with previous PBR simulation research, the tri-

als were identical to those performed by Wade (1998) (Table 1).

Selectivity-at-age was assumed to be uniform across all ages

and the sex ratio of human-caused mortality was assumed to be

50:50. The sensitivity of the results to the assumption of uniform

selectivity-at-age was explored by running the base case trials

(Table 1; CVN ¼ 0.2) with selectivity-at-age being knife edged on

the plus group (age x); Appendix A). The age x-plus group cor-

responded with the reproductive component of the population,

given the assumed life history. The relative vulnerability of fe-

males to males with respect to human-caused mortality was

allowed to vary in sensitivity evaluations at the increments: 0.001,

0.01, 0.1, 0.5, 1, 2, 10, 100, and 1000. A value of 0.5 means that fe-

males are half as vulnerable to human-caused mortality as males,

a value of 1 represents equal vulnerabilities of the sexes, and a

value of 2 means that females are twice as vulnerable as males

(Equation A.8). The sensitivity trials for relative vulnerability by

sex were also run for the base case specifications with CVN ¼ 0.2

(Table 1). In common with previous evaluations of PBR, no at-

tempt is made here to specify the source(s) of human-caused

mortality. However, it is assumed that the mortality of interest

can be constrained by management. Therefore, the evaluations in

this article pertain most closely to the PBR approach as applied in

the United States to marine mammal stocks subject to mortality

in commercial fisheries.

A PBR tier system
Three alternative tiers for calculating PBR were investigated:

Tier 1: Using only the most recent estimate of abundance, and

setting NMIN to the 20th percentile of a log-normal distribution,

following Wade (1998);

Tier 2: Using a weighted arithmetic mean and variance of

available abundance estimates over the last eight years (NMFS,

2005). The weights (ws) were equal to the inverse of the variances

of the abundance estimates, such that:

�N
0 ¼

X
s

wsN̂ s; ws ¼
1=var N̂ s

� �P
s 1=var ðNsÞ

;

CV �Nð Þ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
s w2

s var N̂ s

� �q
�N

(2)

where �N
0

is the weighted arithmetic mean abundance, CVð �NÞ is

the coefficient of variation of the weighted arithmetic mean, and s

denotes a survey year. The summations are taken over available

survey estimates within the last 8 years, following the US.NMFS

guidelines (NMFS, 2005).

Figure 1. Flow diagram of Wade’s (1998) procedure for solving for
values of NMIN and FR that meet the OSP management objective of
the MMPA.
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Tier 3: A weighted average by time and precision. This ap-

proach has been investigated by the Scientific Committee of the

IWC for calculating strike limits for aboriginal subsistence whal-

ing (e.g. Brand~ao and Butterworth, 2014):

�N
0 ¼ exp

X
s

cts ln Nsð Þ
CV2

s

X
s

cts

CV2
s

 !�1" #
;

CV �N
0� �
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
s

c2ts

CV2
s

s .X
s

cts

CV 2
s

;

(3)

where �N
0

is the weighted average abundance by time and preci-

sion, CVð �N
0Þ is the coefficient of variation of the weighted aver-

age by time and precision, and ts is the number of years between

year s and the year for which an estimate of abundance is needed.

Abundance estimates were weighted by time through the c par-

ameter, which was set equal to 0.9 in this case. This value allows

for the majority of the weight to be placed on the most recent es-

timates, while still allowing for some weight to be placed on older

estimates as well.

The minimum abundance estimate for each approach was

calculated following the assumption of log-normal sampling

error:

NMIN ¼
N 0

exp z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ln 1þ CV N 0ð Þ2
� �q� �

where �N
0

is either the most recent estimate of abundance N̂ t, or

the estimate of abundance resulting from one of the averaging

approaches (N0 from Eqn 2 or 3), and z is a standard normal

variate (e.g. z ¼ 0.842 corresponds with the 20th percentile of the

log-normally distributed abundance estimate).

Performance metrics
Two thousand simulations were run for each trial. Preliminary

analyses indicated that this number of simulations was sufficient to

achieve stable results. Two performance metrics were calculated for

the MSE: (1) the fifth percentile across simulations of depletion

(N1þ=K1þ) at the end of 100 years, and (2) variation in the calcu-

lated values for PBR through time. Variation in PBR was calculated

as a performance metric because, all else being equal, lower vari-

ation in PBR should equate with a more robust management

scheme, i.e. one that simultaneously reduces the probability of con-

servation risk (under-protection) and the economic loss to stake-

holders through unnecessary regulation of human activities (over-

protection). The value for PBR was updated after every new survey.

The average inter-survey variation (AISV) statistic was used to

measure the average absolute difference in PBR between surveys:

AISV ¼
XT

ts¼1

jPBRtsþ1 � PBRtsj
,XT

ts¼1

PBRts (4)

where ts indexes each time the PBR is calculated and T is the final

survey year in the simulated time series.

Depletion (the number of 1þ animals relative to carrying cap-

acity) after 100 years was the main performance metric investigated

by Wade (1998) and was used in this study to determine whether

the OSP management objective of the MMPA had been met.

Table 1. Trials considered in evaluating the performance of alternative approaches to incorporating abundance estimates in the calculation
of PBR.

Trial Description RMAX CVN CVM

Abundance
Bias

Initial
Depletion

Mortality �
Normal (l, r2)

Abundance survey
interval (years) h

0A Base Case 0.04 0.20 0.30 1 0.30 l ¼ PBR, r ¼ CVM *PBR 4 1.0
0B – 0.80 – – – – – –
1A Biased mortality – 0.20 – – – l 5 2 * PBR – –
1B – 0.80 – – – l 5 2 * PBR – –
2A Biased abundance – 0.20 – 2.00 – – – –
2B – 0.80 – 2.00 – – – –
3A Biased RMAX 0.02 0.20 – – – – – –
3B 0.02 0.80 – – – – – –
4A Bias in CVN – 0.80 – – – – – –
4B – 1.60 - – – – – –
5A Bias in CVM – 0.20 1.20 – – – – –
5B – 0.80 1.20 – – – – –
6A Survey every 8 years – 0.20 – – – – 8 –
6B – 0.80 – – – – 8 –
7A MNPL ¼ 0.45 * K – 0.20 – – – – – 0.53
7B – 0.80 – – – – – 0.53
8A Biased mortality and

MNPL ¼ 0.70 * K
– 0.20 – – – l 5 2 * PBR – 5.04

8B – 0.80 – – – l 5 2 * PBR – 5.04

These trials follow those considered by Wade (1998). The default RMAX for cetaceans is shown. Dashes represent parameter values that are the same as those
for the base-case scenario. Parameter values that differ from the base-case scenario are denoted in bold. CVN and CVM are the coefficients of variation about
the estimates of abundance and mortality respectively. “�” denotes “distributed as”, and h is the shape parameter for density dependence (Equation A.5). A
value of 1.0 under “Abundance Bias” means the abundance estimates are unbiased, whereas a value of 0.50 means that true abundance is one-half of the esti-
mated value. All animals irrespective of age and sex are equally vulnerable to being killed.
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Results
Specifying the value of NMIN

The age-structured operating model was able to mimic the

results of the age-aggregated model used by Wade (1998) given

the assumption that all animals were equally vulnerable to

human-caused mortality. For example, the 20th percentile of the

abundance estimates used to calculate NMIN resulted in the lower

fifth percentile of simulations being at MNPL under the base case

trial with CVN ¼ 0.20 (Figure 2). The NMFS (2005) approach for

averaging abundance estimates (Tier 2) resulted in a slightly

higher value (0.25) for the NMIN percentile given the OSP man-

agement objective (Figure 2). The NMIN percentile for the

weighted by time and precision approach (Tier 3) was �0.20,

conditional on the assumption that CVN for the abundance esti-

mates was not any greater than 0.20 (Figure 2). When abundance

estimates are relatively precise (e.g. CVN ¼ 0.2), the percentiles

across data tiers are similar (0.2–0.25). As the uncertainty in

abundance estimates (CVN) increases, the percentiles between

data tiers diverge. For the standard approach to calculating PBR

(Tier 1), the percentile for NMIN only varies between 0.2 and 0.3

(Figure 2). The approach using only the single most recent abun-

dance estimate is hence less affected by the precision of the survey

estimates than are the alternative approaches that incorporate

more information.

The NMIN percentile was held constant at 0.20 for the standard

single abundance estimate and the weighted average approaches,

and at 0.25 for the arithmetic averaging approach in subsequent

analyses.

Selecting the value for FR

Setting the NMIN percentile equal to 0.20 (Tier 1 standard ap-

proach; Tier 3 weighted by time and precision) or 0.25 (Tier 2

arithmetic averaging approach), and running the remaining trials

(Table 1), resulted in a value for FR ¼ 0.50 that met the manage-

ment objective of depletion only to a level at or above MNPL

after 100 years (Figure 3 shows the results for Tier 3). The one ex-

ception was trial 3, which involved a bias in RMAX (i.e. true RMAX

was 0.02, but the default value of 0.04 was assumed when calcu-

lating PBR; in other words, population growth was overesti-

mated). The results of this trial were less satisfactory than those

reported by Wade (1998). Those results were based on the

assumption that the true RMAX for this trial was equal to the de-

fault value (e.g. 0.04), whereas the value assumed to calculate

PBR was twice the true value (e.g. 0.08) (P. Wade, NMFS, pers

comm.). The assumption made here is that the value used to cal-

culate PBR is the default (e.g. 0.04), and the true value is one-half

of that (e.g. 0.02). The difference between assumptions made by

Wade (1998) and the assumptions made here regarding the true

RMAX values explains the discrepancy in the results for final de-

pletion. This trial failed to meet the OSP management objective

for the approaches to calculating PBR examined here

(Supplementary Figures S.1 and S.2 show the results for Tier 1

and 2, respectively).

The fifth percentile of depletion for each trial was generally

consistent between tiers when abundance estimates were relatively

precise (CVN ¼ 0.2); however, when abundance estimates were

less precise (CVN ¼ 0.8), the lower fifth percentiles of depletion

were higher for those tiers that calculated PBR using multiple

abundance estimates compared with Tier 1 (e.g. compare the

lower panels of Supplementary Figure S.1 and S.2).

Variability in PBR
The AISV was noticeably lower for Tiers 2 and 3. Averaging

across abundance estimates resulted in fewer years with more ex-

treme values for PBR than the standard approach of using only
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the most recent estimate of abundance (Figure 4). This result was

consistent across all trials in Table 1. For the base case trial, Tier 2

resulted in an AISV that was roughly one-half (50% for CVN ¼
0.2; 54% for CVN ¼ 0.8) of that for the Tier 1 approach. This

variability was even further reduced under Tier 3; the AISV was

roughly one-third of that for the Tier 1 approach (32% for CVN

¼ 0.2; 29% for CVN ¼ 0.8; Table 2).

For the robustness trials, the maximum AISV across trials was

used for comparison. The trial with a survey interval of 8 years

was excluded from this comparison because Tier 2 performs

exactly as Tier 1 in this case, i.e. only one estimate of abundance

is available within an 8-year window, and hence averaging is not

an option. The Tier 2 and 3 approaches resulted in AISVs for the

robustness trials, relative to those from Tier 1, which compared
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Figure 4. Time series of PBR values (relative to carrying capacity K) for the Tier 1 (Wade, 1998) and Tier 2 (NMFS, 2005) approaches (upper
left panel). 30 randomly selected simulations are shown for each tier. The upper right panel shows the distributions of the AISV statistic
(relative to carrying capacity K) for the Tier 1 approach and for the Tier 2 approach. The bottom two panels show the same comparisons
between Tiers 1 and 3. Results are shown for the base-case trial where CVN ¼ 0.2.

Table 2. Results for the AISV in PBR are shown for the three approaches evaluated given a CVN ¼ 0.2 (results are shown for CVN ¼ 0.8 in
parentheses).

BASE CASE: NMIN ¼ 0.2; FR ¼ 1 BIAS TRIALS: NMIN selected; FR ¼ 0.5

Lower fifth percentile
of of final depletion AISV

Lower percentile
for NMIN

MIN lower fifth
percentile of final depletion

MAX AISV
across trials

Tier 1 0.5 0.22 (0.77) 0.2 0.43 0.76 (1.13)
% Difference from Tier 1

Tier 2 104 50 (54) 125 100 53 (57)
Tier 3 99 32 (29) 100 98 29 (31)

The percentage difference under Tiers 2 and 3 is equal to the value for those tiers divided by the value for Tier 1.
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favourably with the results of the base case trial. Tier 2 resulted in

a maximum AISV across robustness trials that was roughly one-

half (53% for CVN ¼ 0.2; 57% for CVN ¼ 0.8) of that from the

Tier 1 approach. Again, this variability was even further reduced

under Tier 3; the AISV was roughly one-third of that from

the Tier 1 approach (29% for CVN ¼ 0.2; 31% for CVN ¼ 0.8;

Table 2).

Reduction in temporal variability in PBR limits did not come

at the expense of increasing the conservation risk, i.e. the lower

fifth percentiles of final depletion were nearly equal across Tiers

(Table 2). For example, for the base case trial, Tier 3 resulted in a

fifth percentile for final depletion that was 99% of that from Tier

1 (0.495 vs. 0.5).

Selectivity-at-age and sex
The relative vulnerability of females, in contrast to the age at

which animals become vulnerable to human-caused mortality,

had a large effect on whether or not the PBR approach met the

OSP management objective of the US MMPA. This pattern was

similar across tiers (Figure 5 shows the base case for Tier 1). In

general, the results were more optimistic with respect to meeting

the OSP management objective when females were less vulnerable

than males. In the case where females were twice as vulnerable to

human-caused mortality as males, the fifth percentile of final de-

pletion indicated that stocks would be depleted to below the OSP

management objective after 100 years (Figure 5). This analysis

also indicated that PBR might be overly conservative (i.e. overly

risk-averse or precautionary) if human-caused mortality was pre-

dominately males.

Discussion
Data on population age structure and sex structure are important

when providing management advice (Figure 5). If selectivity is

skewed with respect to age or sex, our results indicate that the

performance the PBR management approach (Wade, 1998) may

over- or under-protect stocks, depending on the nature of the

skew in selectivity. If human-caused mortality consists predomin-

ately of young animals and/or of males, PBR will likely be overly

conservative. Conversely, PBR may not be sufficiently precaution-

ary if human-caused mortality consists predominately of mature

females (Figure 5) or if RMAX is over-estimated (Figure 3).

Empirical estimates of RMAX are generally limited to stocks

that have been monitored during recovery from exploitation (e.g.

Punt and Wade, 2012). The majority of stocks in the United

States have been assigned default values for this parameter (0.04

for cetaceans, 0.12 for pinnipeds). If the default value for this par-

ameter is not accurate, PBR may be biased and management ob-

jectives may not be met (Figure 3; Trial 3). Alternative methods

for estimating RMAX, based on allometric and life table models,

have been developed for other marine vertebrates (e.g.

Dillingham et al., 2016), and could provide a complimentary ap-

proach to assigning values to this important parameter for marine

mammals.

The implications of biased sex ratios have been recognized in

the past. Consequently, e.g. IWC catch limits are reduced when

females are more vulnerable to capture than males (IWC, 2012).

Information on the age and sex structure of fishery bycatch

should be collected, when possible, to investigate if selectivity is

non-uniform. Quantitative approaches to adjusting FR for such

cases (e.g. when the sex ratio is not one) could be assessed

through a future MSE.

The results of this study also highlight two effects that the in-

corporation of multiple estimates of abundance can have on the

calculation of PBR. The first involves the value for the NMIN per-

centile that meets the OSP management objective of the MMPA.

If abundance estimates are relatively precise (e.g. CVN � 0.2), the

difference between NMIN percentiles is small across the data tiers

investigated here. Additionally, for the standard approach (Tier

1), the solution for the NMIN percentile is relatively insensitive to

the precision of the abundance estimate. Over a range of CVs

from 0.2 to 1.0, the NMIN percentile for Tier 1 only varies between

0.2 and 0.3 (Figure 2).

The value for the NMIN percentile increases as the precision of

the estimates of abundance decreases when multiple estimates are

used to calculate PBR (Tiers 2 and 3). For these tiers, if the preci-

sion of the abundance estimates is low, the 20th percentile of the

resulting confidence limit results in a value for PBR that is more

conservative (i.e. lower) than would be necessary to meet the OSP

management objective of the MMPA. The results from these

simulations indicate that for CVN � 0.6, the 40th percentile of

the confidence limit for either Tier 2 or Tier 3 would be appropri-

ate (Figure 2).

To understand how this difference influences the calculated

value of PBR, consider a scenario where the survey interval is 4

years, estimates of abundance have a CVN ¼ 0.6, and the point es-

timates are assumed to be equal between the last two surveys.

Under Tier 2 (NMFS, 2005), there would be a 38% increase in

the calculated value of PBR if the 40th percentile of the confi-

dence limit were used, relative to PBR based on the standard 20th

percentile. For this hypothetical scenario, averaging two point
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Figure 5. The fifth percentiles of final depletion (circles) as a
function of the relative vulnerability of females to males for the Tier
1 base-case trial with CVN ¼ 0.2. The solid line represents a scenario
where all animals are equally vulnerable. The relative vulnerability is
plotted in Log10 space, i.e. a value of 0 represents equal vulnerability,
a value of 1 represents a case where females are 10 times more
vulnerable than males, etc. The dotted line represents a scenario
where only the reproductively mature component of the population
is subject to human-caused mortality. The dashed horizontal line
represents the OSP management objective of the US MMPA.
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estimates of 1500 individuals would result in a PBR of 13.0 (NMIN

¼ 40th percentile) vs. 9.4 (NMIN ¼ 20th percentile). The manage-

ment implications for such differences are likely to be stock-

specific, and may be limited to those stocks for which estimates

of human-caused mortality are nearly equal to the calculated

value of PBR based on the standard approach (Tier 1).

The second effect of incorporating multiple abundance esti-

mates in the calculation of PBR is a reduction in the temporal

variability of calculated PBR values. Including only a single esti-

mate of abundance in the calculation of PBR results in variability

at least two times greater than that resulting from the approaches

where multiple estimates are averaged (Figure 4; Table 2). The re-

duction in variability from incorporating multiple abundance es-

timates does not come at the expense of increasing the

conservation risk (Table 2). Given this risk equivalency, strategies

that decrease the variability in the calculated value for PBR may

be worth considering. For example, temporal variability in the

calculated PBR value can cause economic uncertainty for com-

mercial fisheries that have interactions with marine mammals.

Incorporating multiple abundance estimates in the calculation of

PBR could lessen unnecessary impacts on human activities while

still meeting conservation objectives, e.g. the OSP management

objective of the MMPA. Such an approach would be consistent

with MMPA recommendations to consider economic factors in

implementing regulations with respect to the taking of marine

mammals (MMPA, 1972).

The PBR tier system evaluated here represents an extension of

the current US management scheme. This tier system could be

considered for calculating PBR under a management scheme that

has the same objective as the US MMPA. Stocks could be assigned

to a tier based on the number of available abundance estimates.

Nevertheless, there are several assumptions that should be con-

sidered before any such tier system was put into practice, includ-

ing (but not limited to): (i) The set of trials adequately spans the

range of plausible uncertainties; (ii) The value used for RMAX is

not biased, and; (iii) Selectivity is not skewed disproportionally

towards females. Additionally, different guidelines may be in ef-

fect in different jurisdictions (e.g. whether older abundance esti-

mates age out of consideration, or not). Therefore, a tier system

like this one may be appropriate in one instance but not another.

Likewise, reference limits and management objectives in different

jurisdictions are not always identical. Hence future MSEs in such

cases would need to be adjusted accordingly.

Advancements have been made recently in analytical

approaches to calculating abundance and trends for marine

mammal populations using relatively long time series. For ex-

ample, Moore and Barlow (2014) used hierarchical Bayesian

modelling to estimate trends in abundance and NMIN from six

abundance estimates of eastern North Pacific sperm whales

Physeter macrocephalus based on surveys during 1991–2008.

Similar methods have been applied to fin whales Balaenoptera

physalus and beaked whales (family Ziphiidae) (Moore and

Barlow, 2011, 2013). A MSE incorporating more sophisticated

model fitting of abundance data is outside the scope of this re-

search, although in principle it would be possible. Additionally,

future MSEs could investigate methods for incorporating trend

estimates into the calculation of PBR. For example, quantitative

approaches could be evaluated for calculating FR as a function of

the estimated rate of change in abundance and its standard error

(perhaps contingent on the stock’s status, e.g. listed as endan-

gered, threatened, etc.). Methods to incorporate trend

information have been evaluated by the IWC for aboriginal sub-

sistence whaling strike limits (e.g. Brand~ao and Butterworth,

2014), and these could form the basis for evaluations of a PBR

tier management scheme for stocks with multiple estimates of

abundance.

Abundance estimates are imprecise for many stocks of marine

mammals (e.g. Taylor et al., 2007). The median CV estimates

across stocks in the 2014 US marine mammal stock assessment re-

ports was 0.41 (Carretta et al., 2015). If survey estimates are im-

precise, and a stock falls within either Tier 2 or Tier 3, an

alternative value for the NMIN percentile could be adopted from

the results presented here (Figure 2). Incorporating multiple

abundance estimates for data-rich stocks can lead to more stabil-

ity through time for calculated values of PBR, while simultan-

eously meeting conservation objectives such as the OSP objective

of the MMPA. Therefore, including multiple abundance estimates

into the calculation of PBR, when possible, may prove desirable.

Supplementary data
Supplementary material is available at the ICESJMS online ver-

sion of the article.
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APPENDIX A

The operating model and data generation
The basic population dynamics were:

N s
tþ1;a ¼

0:5btþ1Ptþ1

ðN s
t ;a�1 �Ms

t ;a�1ÞSa�1

ðN s
t ;x �M s

t ;xÞSx þ ðNs
t ;x�1 �M s

t ;x�1ÞSx�1

if a ¼ 0

if 1 � a < x

if a ¼ x

8>>>>>><
>>>>>>:

(A.1)

where N s
t ;a is the number of animals of age a and sex s (m/f), at

the start of year t, bt is the birth rate (the proportion of females

that have reached parturition and given birth) in year t (Equation

A.5), Pt is the number of females that have reached the age of first

parturition (ap) at the start of year t:

Pt ¼
Xx

a0¼ap

N
f
t ;a0 (A.2)

Sa is the annual survival rate of animals of age a, determined by

the age at transition to adult survival (aT):

Sa ¼
Sjuv if a < aT

Sadult if a � aT

8<
: (A.3)

M s
t;a is the human-caused (anthropogenic) mortality of animals

of age a and sex s, during year t.

It was assumed that the values for the population dynamics

parameters, including human-caused mortality rates, were the

same from a certain age onwards (denoted as age “x”). Age x was

assumed equal for males and females. Senescence in birth and

mortality rates was not modelled. Males were assumed to be a

non-limiting factor in reproduction.

Initial conditions
A numbers-per-recruit approach is taken to initialize the age-

structure in the first year of the projections. This is represented

by a stable age distribution, in year t¼ 0, given a fixed initial an-

thropogenic exploitation rate denoted E:

~N
s

a ¼

0:5 if a ¼ 0

½ ~N s

a�1ðEÞ�Sa�1ð1� V s
a�1EÞ if 1 � a < x

½ ~N s

x�1ðEÞ�Sx�1ð1� V s
x�1EÞ=

½1� Sxð1� V s
x EÞ� if a ¼ x

8>>>>><
>>>>>:

(A.4)

where E is the anthropogenic exploitation rate prior to imple-

mentation of the PBR management strategy, V s
a is the relative vul-

nerability of animals of age a and sex s to anthropogenic

mortality (assumed for most analyses to be 1 for all ages and both

sexes), ~N
s

aðEÞ is the number of animals of age a and sex s, as a

function of a fixed anthropogenic exploitation rate (E). The

subscript for time t is dropped in Equation (A.4) for clarity. The

value for E that resulted in a given depletion level with a stable

age structure is solved for using Brent’s method (Brent, 1973;

Press et al., 1992). The numbers per female recruit were rescaled

so that abundance at the start of the first year corresponded to

the initial depletion level in terms of the age 1þ component (ages

one year and older).

Intrinsic rate of population growth (RMAX)
The intrinsic rate of population growth, or maximum net recruit-

ment rate, for an age-structured population dynamics model can

be solved for from the characteristic equation of the projection

matrix (e.g. Punt, 1999; Caswell, 2001). The projection matrix

corresponds to Eqn A.1, where maximum fecundity (female

calves per female) is substituted for the birth rate (i.e. maximum

fecundity ¼ 0.5bmax, assuming a 50:50 sex ratio at birth). bmax is

the maximum birth rate, which corresponds with RMAX, i.e. the

birth rate in the absence of any density dependence.

The base-case RMAX is set to 0.04 for cetaceans to make the results

comparable to those of Wade (1998). This is implemented by solving

for the juvenile survival rate Sjuv that resulted in a projection matrix

with a dominant real eigenvalue kMAX¼ RMAXþ 1. kMAX was calcu-

lated numerically using the Fortran 90 LAPACK (Linear Algebra

PACKage) libraries (Available from: www.netlib.org.) (Anderson

et al., 1999). Brent’s method (Brent, 1973; Press et al., 1992) was

used to solve for the juvenile survival rate Sjuv that resulted in the tar-

get value for RMAX.

Density dependence
Density dependence was assumed to act through the birth rate,

according to the Pella-Tomlinson model:

bt ¼ max f0; beq þ ðbmax � beqÞ½1� ðNt ;1þ=K1þÞh�g (A.5)

where h is the shape parameter, assumed for the base-case trials

to equal 1.0 (or MNPL of �50% of K1þ, the carrying capacity in

terms of the component of the stock that is age 1 year and older).

Likewise Nt ;1þ ¼
P

s0
Px

a0¼1 N s0
t ;a0.

For an age-structured model, if the carrying capacity is modelled

in terms of the total population (including calves), the resulting

system of equations becomes essentially intractable. Hence, carry-

ing capacity is modelled in terms of age 1þ abundance.

The equilibrium birth rate beq(i.e. the birth rate at carrying

capacity in the absence of anthropogenic mortality) is given by:

beq ¼
Xx

a0¼ap

~N
f

a0 ðE ¼ 0Þ

0
@

1
A
�1

(A.6)

Data generation
The sampling error about the survey estimates was assumed to be

log-normal.
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N̂ t ¼ b exp In
Ntffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1þ CV2
N

q
0
B@

1
CAþ x

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
In 1þ CV2

N

� �q2
64

3
75 (A.7)

where Nt is the true underlying abundance, and b is the extent of

bias in the abundance estimate. If the abundance estimates are

unbiased then b¼ 1.0. Values of b> 1.0 represent abundance es-

timates that are positively biased (i.e., surveys over-estimate true

abundance on average). CVN is the coefficient of variation about

the true abundance, and, x is a standard normal random variate

(mean¼ 0, variance¼ 1).

The total human-caused mortality each year is:

Mt ¼
P

s0
Px

a0¼0 Ms0

t ;a0 where

Ms
t ;a ¼ Mtd

sV s
a N s

t ;a=
X

s0

Xx

a0¼0

ds0V s0
a0N

s0
t ;a0 (A.8)

where dfemale is the relative vulnerability of females relative to

males, given dmale ¼ 1. Mt was assumed to be normally distributed,

with an expectation equal to PBR, and a pre-specified coefficient of

variation CVM (base-case value 0.3). Mt was set to zero if the gen-

erated human-caused mortality was less than zero. These assump-

tions about the estimated human-caused mortality were made to

be consistent with the approach taken by Wade (1998).
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